T his study develops and estimates a model to empirically identify two behavioral effects (namely consumption flexibility and state dependence) that may underlie temporal and horizontal assortment choice, using scanner panel data where consumption information is unavailable. The proposed approach permits a consumer's consumption utility to be dependent on previous consumptions, thus capturing state dependence both across purchase occasions and within horizontal assortments. Moreover, consumers' purchase and consumption decisions are modeled at two distinctive and sequentially related stages, which allows for incorporating the effect of consumption flexibility. The model is estimated on scanner panel data of yogurt purchase. It is found that the two captured effects provide strong empirical support with face validity for the temporal and horizontal assortment choice patterns observed in the data. The behavioral insights derived from estimating the proposed model can also be translated into significant managerial implications.
Introduction
Consumers' grocery shopping frequently involves purchasing multiple items from the same category. These multiple-item purchases are either homogeneous with only one variety or heterogeneous with multiple varieties. Over time, the composition of the purchased assortments could also vary in quantity or variety or both.
1 For example, a consumer might buy one Strawberry yogurt in one shopping trip, and an assortment with one Blueberry and two units of Mixed Berry during another trip. Understanding consumers' temporal and horizontal assortment choice behavior is central to many marketing strategic issues, e.g., promotion, free sample distribution, and assortment management, etc. The purpose of this paper is to provide behavioral insights into assortment choice by developing and estimating a descriptive model with scanner panel data.
There are three underlying effects that may influence scanner panel households' multiple-item purchase behavior. The first one lies in the similarity/ 1 This study's unit of analysis is product/variety that is defined at the flavor level. Where no confusion arises, I will use "varied" or "heterogeneous" to describe purchases involving different varieties either temporally or horizontally, and "persistent" or "homogeneous" to capture purchases with the same variety. Moreover, I will follow the literature (e.g., Harlam and Lodish 1995, Bucklin et al. 1998) and use "assortment" to represent consumers' purchase options, which may involve single or multiple, varied or homogeneous, products.
difference among the members in a household in their relative preference over the varieties. Second, the consumption of a product might lead an individual consumer to prefer the product more or less in subsequent consumptions. This causal dependence of current utility on previous consumptions has been termed in the literature as state dependence (e.g., Erdem 1996) . If a variety's utility is increased due to previous consumptions (i.e., positive state dependence or increasing marginal utility), consumers will be compelled to purchase assortments that are both temporally persistent and horizontally homogeneous. If, on the other hand, consumption utility is decreased because of previous consumptions (i.e., negative state dependence or diminishing marginal utility), consumers will be more likely to buy different varieties both across purchase occasions and within horizontal assortments.
The third incentive that may promote the simultaneous purchase of different products is the need for consumption flexibility, which may arise from the existence of uncertainty at the purchase time about future consumption utility (Kreps 1979 , Walsh 1995 , Guo 2006 . For most shopping occasions, the purchased products are not for immediate use and future consumption utility is uncertain at the purchase time (Hauser and Wernerfelt 1990 , Simonson 1990 , Xie and Shugan 2001 . That is, the varieties' utility may be contingency-dependent (e.g., mood, weather) and vary across consumption occasions. This in turn implies that a less popular product may turn out to have a higher realized utility on some consumption occasions than other more popular products. As a result, consumers may have an incentive to purchase a horizontally varied assortment in order to maintain consumption flexibility whereby the decision about which product to consume for a particular consumption occasion is de facto postponed until the varieties' consumption utility becomes known. If homogeneous products are purchased, a commitment is effectively made to consume the same variety on future consumption occasions prior to next shopping trip. If, instead, different varieties are purchased, future consumptions can be adjusted according to the varieties' realized utility.
There is no better way to single out the withinhousehold-heterogeneity effect than calibrating the model only on single-person households (e.g., Mayhew and Winer 1992) . The identification of the other two effects is less straightforward. Both state dependence and consumption flexibility may influence the observed (horizontal) assortment choice. In particular, although positive (negative) state dependence may enhance a consumer's incentive to buy same (different) varieties simultaneously, the need for consumption flexibility may lead to the purchase of horizontally varied products. As a result, horizontally varied assortment purchase can be driven by either negative state dependence or consumption flexibility. On the other hand, even when the state dependence effect is positive, consumers may still exhibit a (convex) preference to buy different varieties together if the desire for consumption flexibility is more significant. Although the importance of both effects in consumer decision making has been documented separately in the literature (e.g., Kreps 1979 , Walsh 1995 , Erdem 1996 , this paper is the first to empirically separate them from each other using scanner panel data where consumption information is absent. This empirical separation, as will be demonstrated in this paper, can not only improve our understanding of consumers' assortment choice behavior but also provide important managerial insights. I develop a model on scanner data to identify the differential impact of consumption flexibility from that of state dependence on assortment choice. The proposed approach explicitly models consumer decisions at two interrelated stages. At the consumption stage that may involve multiple occasions, consumption decisions are made based on the varieties' realized utility. A variety's consumption utility is influenced by its previous consumptions, which thus allows for the state dependence effect both across purchase occasions and within horizontal assortments. Moreover, the consumption utility is dependent on some contingency that is uncertain at the purchase time. The anticipation about how this uncertainty will be resolved at the consumption stage, and how the consumption utility may evolve from one consumption occasion to the next, determines endogenously how the purchased products will be consumed and thus influences how alternative assortments are evaluated at the purchase stage.
An important feature of the proposed model is that the effect of state dependence is defined at the consumption utility level. Moreover, the proposed approach explicitly distinguishes between assortment valuation (and thus the observed purchase behavior) and the consumption utility of the underlying varieties. As a result, it permits the differences between the observed (horizontal) choice dependence among varieties and the underlying utility-level state dependence effect, as well as between the observed temporal and horizontal dependences in assortment choice. This stands in contrast to previous studies that investigate either the temporal dependence of successively purchased single-unit products or the horizontal interdependence of varieties within multiple-item assortments, but not both. First, if the focus is only on temporal loyalty/switching for single-unit shopping occasions (e.g., Erdem 1996 , Fader and Hardie 1996 , Ho and Chong 2003 , the distinction between variety utility and assortment valuation is immaterial and the effect of consumption flexibility is necessarily absent. On the other hand, if the dependence of consumption utility across purchase occasions is ignored (e.g., Hendel 1999 , Kim et al. 2002 , Dube 2004 , the effect of state dependence on consumption utility cannot be separated from consumption flexibility in investigating the horizontal interdependence of varieties.
More importantly, it is the specification of the state dependence effect at the consumption utility level, coupled with the observed temporal and horizontal variations in assortment purchase, that permit the identification from the effect of consumption flexibility. This is because, although both state dependence and utility uncertainty may influence horizontal assortment choice, their impacts across purchase occasions are fundamentally different. Essentially, the impact of state dependence, as operationalizd at the consumption utility level, influences consumers' assortment choice along both the temporal and the horizontal dimensions. However, the kind of utility uncertainty captured in this paper that is relevant for consumption flexibility and caused by the separation between purchase and consumption, tends to be independent across purchase occasions. Moreover, consumption flexibility matters only for multiple-unit purchase occasions but not for singleunit occasions. As a result, by capturing both temporal and horizontal variations in assortment purchase, which is feasible with scanner panel data, we are able to achieve the desired identification.
2
I calibrate the proposed model on yogurt purchase of single-person households. The estimated parameters suggest that the varieties' utility is significantly reinforced by previous consumptions (i.e., positive state dependence), and that the consumers perceive significant uncertainty about the consumption utility of some varieties. Consumers therefore tend to buy different varieties together but similar assortments over time. The proposed model fits all in-sample and out-of-sample data significantly better than some alternative models in which these two effects are not fully captured in one way or the other. Interestingly, the alternative models underestimate, rather than exaggerate, the importance of the captured effect when the other effect is ignored. That is, the state dependence effect is understated when utility uncertainty is absent, and vice versa, suggesting that the two effects may not necessarily be competing explanations for horizontally varied assortment purchase. Moreover, one striking result is that a static model addressing only horizontal assortment choice might mislead us to infer "variety seeking" whereas consumption utility is actually self-reinforcing. Overall, these results demonstrate the importance of capturing and distinguishing the impacts of state dependence and consumption flexibility.
The insights gained from the proposed model can be translated into valuable managerial implications. To show this, I conduct policy experiments to simulate the demand impact of two counterfactual changes, and compare the managerial insights derived from the proposed model against those from the alternative models. The advantage of the proposed model is illustrated from two perspectives. First, by fully capturing the two effects characterizing assortment choice, the proposed model is able to assess the impact of some policy changes (e.g., free sample distribution, uncertainty change). Second, in comparison to the proposed model, the alternative models may lead to biased model parameters and thus misestimated demand response.
The rest of the paper proceeds as follows. I first lay out the proposed model of assortment valuation and purchase, explicitly accounting for the differential impacts of state dependence and consumption flexibility. I then discuss the estimation issues, describe the scanner panel data used for model calibration and validation, and report the empirical results. The last section concludes the paper and discusses future research.
The Model
Consider a sample of consumers, indexed by i = 1 2 I, who purchase from a set of j = 1 2 J product varieties. On each of the shopping occasions, t = 1 2 T i , a consumer i is observed to purchase an assortment of products
d iJt , where d ijt is a nonnegative integer representing the units bought on variety j. Let n it = j d ijt > 0 denote the total number of purchased units. An equivalent way to record the assortment is to document the variety for each of the n units:
J andd imt ≥d im t if and only if m ≥ m for all m, m = 1 2 n it . For instance, if J = 3, an assortment consisting of two units of variety j = 1 and one unit of variety j = 3 can be denoted as d it = 2 0 1 , or equivalentlyd it = 1 1 3 . For each consumer i, a sequence of purchases indexed
Note that the J elements in d it capture the quantity for each variety, whereasd imt represents the variety for each purchased unit. As will become clearer, the alternative notationd it can facilitate illustrating, in assessing the expected assortment valuation, how the purchased units in the assortment are to be sequentially consumed and depleted on each consumption occasion.
In this section, I develop a model to examine how the consumers make the assortment purchase decision, conditional on the observed total purchase units (i.e., n it . It is posited that a consumer's (conditional) assortment purchase decision hinges on how to allocate the n it units over the varieties, i.e., select
Note that the purchase option set D n it includes all possible combinations of the J varieties subject to the condition that the total units of products in a considered assortment option d are equal to n it . The set of purchase options are thus exhaustive, mutually exclusive, and distinct from the union of the varieties unless n it = 1. The purchase option set can be equivalently represented as
The key to the proposed model is consumer valuation for each assortment in the purchase option set D n it . Essentially, a consumer's assortment valuation depends on the utility that can be derived from consuming the products in the purchased assortment. Without time-of-consumption information, it is reasonable to assume that the purchased products are to be consumed sequentially, and that a consumption occasion can be accordingly defined as arising when and only when the consumer desires to consume one unit of the products. As a result, on each consumption occasion, m = 1 2 n it , that will arise prior to next shopping visit t + 1, one product is selected for consumption from the set of products available on hand at that time. 3 Therefore, one can sum the consumption utilities that are obtained from the n it consumption occasions as an approximation for assortment valuation (gross of the impacts of marketing mix variables). However, as will be elaborated, when state dependence and uncertainty are introduced to affect consumption utility, the expected gross valuation of an assortment at the time of purchase may not be equal to the sum of the expected consumption utility of the products that constitute the assortment.
In particular, the proposed model captures a consumer's information/utility evolution and decision making at both the consumption and the purchase stages that are interdependent. First, it captures how a consumer's utility may evolve from one consumption occasion to the next, given the cumulative variety consumption and conditional on the realization of utility uncertainty. This will endogenously determine the consumer's consumption decision and hence product inventory on each consumption occasion. Second, at the time when the assortment purchase decision is made, the consumer anticipates that the future realization of utility uncertainty at the consumption stage will determine how the products in the purchased assortment are to be consumed, and recognizes that the overall assortment valuation should take into account all possible uncertainty realizations.
Consumption Utility
On a representative consumption occasion m, a consumer's utility uncertainty that was present at the purchase time is resolved. Specifically, it is postulated that the consumption utility is
where ij is the variety-specific intercept, which can be interpreted as a variety's intrinsic consumption utility; SD ijtm indicates the cumulative consumption of variety j up to consumption occasion m; ijt is a set of random factors that are unobservable to the researcher but observable to the consumer at both the purchase and the consumption stages; and ijm captures the contingent factors (e.g., mood, weather) whose values become known to the consumer only when it comes to the consumption occasion m. Finally, i represents the impact of state dependence, with a positive estimate indicating utility reinforcement while a negative estimate suggestive of variety seeking.
3 It is implicitly assumed that all the purchased products are to be depleted prior to next shopping visit, i.e., stockpiling is not allowed. The no-stockpiling assumption is likely to hold in the empirical application of the model that considers the perishable 6-oz. and 8-oz. yogurt varieties.
Note that ij and ijt are known to the consumer at the time of purchase, whereas SD ijtm and ijm are dependent on some consumption contingency that is unknown at the purchase stage. Extant choice models typically assume that the error term in the utility function is unobservable only to the researcher, but known to the consumers. The proposed model, from the consumers' perspective, explicitly decomposes the error term into the certain and uncertain parts, ijt and ijm , respectively.
The value of SD ijtm could be uncertain, because the consumption sequence is unknown at the purchase time, thanks to the uncertainty on ijm . Formally, the cumulative consumption of variety j on consumption occasion m = 1 is SD ijt1 = S ijt , and for m > 1 is given by
where ∈ 0 1 stands for the weekly geometric decay parameter; w t indicates the week that the shopping occasion t occurs; S ijt captures the influence of past purchases on the consumptions following shopping occasion t; I ijtm is an indicator variable taking the value of 1 if the variety j is to be consumed on occasion m, and 0 if otherwise; andd m indicates the variety that is anticipated to be consumed on occasion m. It is important to note that, as will be specified subsequently, the consumed varietyd m needs to be determined endogenously in a sequential manner, conditional on both the depletion of products from the purchased assortment on the previous consumption occasions m = 1 2 m − 1, and also on the realization of the uncertainty shock ijm .
The specification of S ijt is akin to Guadagni and Little (1983) :
where d ijt is the purchased quantity for variety j in shopping trip t. Because the exact time for the occurrence of the consumption occasions cannot be observed, it is assumed that the purchased units are consumed smoothly with equal time interval between shopping trips. This is reflected in the specifications for both SD ijtm and S ijt , where the discounting of previous consumptions is captured on the basis of average interconsumption time.
The two components on the right-hand side of (2), S ijt and I ijtm , capture the impacts of "past" and "anticipated" consumptions, respectively. Therefore, this specification allows for both temporal and horizontal utility reinforcement/satiation. Nevertheless, note that the effects of both temporal and horizontal state dependence are captured by the same parameter i . This is without loss of conceptual generality, because the effect of state dependence in this paper is defined at the consumption utility level and operationalized as the dependence on all previous consumptions of the same variety, including both previous purchases in shopping trips t = 1 2 t − 1 and consumption occasions m = 1 2 m − 1 following the same trip t. As a result, the evolution of cumulative consumption, either temporally across shopping trips or horizontally within an assortment, follows the same conceptual process as captured by the construction of SD ijtm in (2).
Note that previous studies focusing on the impact of state dependence on temporal loyalty/switching across shopping occasions investigate only singleitem choice (e.g., McAlister 1982 , Lattin 1987 , which is similar to a special case of the current model: n = 1 and hence SD ijtm = S ijt . In contrast, the proposed model examines multiple-item purchase and incorporates also the (anticipated) impact of state dependence within assortments. On the other hand, the proposed model also departs from some recent studies that examine the interdependence of varieties within horizontal assortments without allowing for temporal dependence across shopping trips (e.g., Hendel 1999 , Kim et al. 2002 , Dube 2004 .
Consumer heterogeneity in the parameters is specified as where i are the J -dimensional variety-specific intercepts that are assumed to be independently and normally distributed with mean and standard deviation , and i is assumed to be distributed normally with mean and standard deviation .
For simplicity, it is assumed that ijt has an i.i.d. standard normal distribution:
The uncertain error term ijm is assumed to have an independent normal distribution across all consumers and consumption occasions with a J × J diagonal covariance matrix structure:
The zero-mean assumption for ijm is without loss of generality, given the variety-specific intercepts ij . It is also important to note that here consumers are uncertain about the realization but not about the distribution of the error term ijm , i.e., the mean and variance are both known to the consumers. As a result, consumption experience does not influence the uncertainty structure from one consumption occasion to another (i.e., nonexperience goods). One can think of the kind of uncertainty considered here as the term ijm being determined exogenously from a known normal distribution. This is essentially different from the kind of quality uncertainty considered in the consumer learning literature (e.g., Erdem and Keane 1996) , where consumption experience could improve a consumer's knowledge about the distribution of quality.
Assortment Valuation
Consider a consumer i who is contemplating which assortmentd n it ∈ D n it to select for purchase on shopping occasion t. The consumer needs to determine and compare the gross values of the assortments in D n it . However, the consumption utility in (1) is not known when the assortment purchase decision is made. In particular, the value of ijm and hence that of U ijtm is uncertain at the purchase time. As a result, the sequence of consuming the products in a purchased assortment is not known either. Nevertheless, when the time passes to the consumption occasion m, the uncertainty will be resolved naturally. As a result, the consumer can form anticipation about the consumption utility U ijtm and hence about the consumed productd m , conditional on each possible realization of ijm . The consumer can then integrate over all possible realizations of ijm to obtain the expected gross assortment value. Formally, it is posited that the expected gross value of a representative assortment
where E · represents expectations; d m ⊆d n indicates the products remaining on hand when it comes to consumption occasion m; and f jm is the multivariate normal density function for jm . Let us elaborate on the proposed process by which a consumer evaluates an assortment of products in anticipation of future consumption scenarios. On each future consumption occasion m, the value of jm will be realized and revealed to the consumer. Denote one possible realization as
Jn }. Given l , the consumption utility U jm will become known to the consumerbecause, as will be explained below, the cumulative consumption SD jm is also completely specified conditional on l . The consumer then selects to consume, among the products d m on hand at that time, the one with the highest realized utility. Denote the selected variety on consumption occasion m asd m ≡ j j ∈ d m and U j m ≥ U jm for all j ∈ d m }. The remaining products will be retained for future consumptions. When it comes to next consumption occasion m + 1, d m+1 will be obtained by removingd m from d m , i.e., d m+1 ∩d m = d m . Moreover, given the previously consumed varieties,d 1 d m , the value of SD j m+1 and U j m+1 can be constructed, which in turn allows the consumer to determined m+1 . Note also that on the first consumption occasion m = 1, we have d 1 =d n , and SD j1 = S j . Therefore, one can exercise the aforementioned process iteratively to derive the values of d m , U jm , andd m , for each consumption occasion m = 1 n. In addition, the utility of the variety that is anticipated to be consumed on occasion m is Ud m ≡ max j∈d m U jm . It is important to emphasize that the aforementioned specified consumption sequence, as characterized by the profile
, is neither known to the consumer at the purchase time nor imposed by the researcher, but is based on the consumer's anticipation conditional on a particular uncertainty realization l . The consumer anticipates that there would be different realizations of the uncertainty shock, l = 1 L , and thus different consumption sequences. Therefore, to obtain the expected gross value of sequentially consuming an assortment of products, the consumer takes into account (i.e., integrate over) all possible uncertainty realizations and hence all possible consumption sequences. This completes the description of the proposed assortment valuation process.
State Dependence vs. Consumption Flexibility I now elaborate how state dependence and utility uncertainty may differentially and interactively influence assortment valuation and purchase. First, in the presence of the state dependence effect, a variety's utility can be reinforced/detracted as a result of its previous consumptions. If a variety is consumed on occasion m, its utility will be modified not only for each remaining consumption occasion prior to next shopping trip but also for future purchases. Therefore, all else being equal, the expected valuation of an assortment with homogeneous varieties is higher (lower) than the summed expected utility of the products in the assortment if the state dependence effect is positive (negative). That is, consumers tend to exhibit concave (convex) preference in assortment purchase if the underlying utility is self-reinforcing (detracting), or equivalently if the marginal utility is increasing (diminishing). In the same vein, a positive (negative) state dependence effect would drive consumers to make similar (different) purchases over time, especially for single-unit shopping trips.
Second, the separation in time between purchase and consumption may prevent consumers from knowing up-front about the exact utility of a variety on a particular consumption occasion. This, in turn, leads to uncertainty about the sequence of consumptions, i.e., on which consumption occasion a purchased variety is to be consumed. This is because, in the presence of consumption utility uncertainty, a variety with relatively higher expected utility may not always be preferred and selected for consumption among the products in the inventory, whereas a variety with relatively lower expected utility may turn out to have a higher realized utility in some situations. A consumer may then desire to pursue consumption flexibility by purchasing a set of different products, which can help increase the chance in future consumption that the preferred product is available no matter which variety turns out to be the preferred one. Therefore, consumer valuation for horizontally varied assortments can be positively influenced by utility uncertainty, because of the flexibility in adjusting consumption decisions according to the realization of utility uncertainty.
Interestingly, the presence of the consumption flexibility effect may lead to the differences between the observed (horizontal) choice dependence among varieties and the underlying utility-level state dependence effect, as well as between the observed temporal and horizontal dependences in assortment choice. This is because the observed temporal dependence is driven only by the state dependence effect, whereas the observed horizontal variety choice dependence is influenced by both the state dependence effect and the desire for consumption flexibility. As a result, for example, even when the utility-level state dependence effect is positive, consumers may prefer to buy different varieties simultaneously if the consumption flexibility effect is sufficiently significant. This reflects the distinction highlighted in this paper between variety consumption utility and assortment valuation; it is the latter that directly determines the observed assortment choice behavior.
An Example
Consider now an example on the proposed assortment valuation process, in which utility uncertainty may lead a consumer to prefer horizontally varied assortments despite the presence of positive state dependence. Consider a consumer who decides to purchase three units and is comparing two options: a homogeneous assortmentd 1 = 1 1 1 , and a varied assortmentd 2 = 1 1 3 that consists of two units of variety 1 and one unit of variety 3. The certain part of the consumption utility, U j ≡ j + j , has the following hypothetical values: U 1 = 1 and U 3 = 0 9. The state dependence effect is positive and specified as = 1, S j = 0, and w t+1 −w t /n = 0 3, i.e., a variety's utility is increased by 0.3 (0.1) if it is consumed one (two) consumption occasion ago. It is clear that, when Table 1 An Example of Assortment Valuation with State Dependence and Utility Uncertainty
Notes. This example computes the expected valuation for the assortmentd 2 = 1 1 3 , with the following hypothetical values for the certain part of the utility: U 1 = 1 and U 3 = 0 9. In addition, = 1, S j = 0, w t+1 −w t /n = 0 3, and jm ∈ 1 −1 denotes the uncertainty shock for the variety j on consumption occasion m,
where Prob( jm = 1 = Prob( jm = −1 = 1/2. Moreover, d m denotes the set of products available on consumption occasion m; U jm = U j + * SD jm + jm , m = 1 2, represents the conditional utility, and U j3 = U j + * SD j3 + E j3 ] the expected utility, of the variety j ∈ d m ; andd m ≡ j j ∈ d m and U j m ≥ U jm for all j ∈ d m } denotes the variety selected for consumption, and Ud m ≡ max j∈ d m U jm the utility of the consumed varietyd m , on occasion m.
utility uncertainty is absent, the valuations for the two assortment options are V d1 = 1 + 1 3 + 1 4 = 3 7 and V d2 = 1 + 1 3 + 0 9 = 3 2, respectively, suggesting that the homogeneous assortment is preferred. Consider then the case with utility uncertainty. On each consumption occasion, suppose a variety's utility can be either increased or decreased by 1, each with probability 1/2, i.e., jm ∈ 1 −1 and Prob( jm = 1 = Prob jm = −1 = 1/2. The expected valuation for the homogeneous assortment remains unchanged (i.e., E V d1 = 3 7). The proposed valuation process for the heterogeneous assortmentd 2 = 1 1 3 is illustrated in Table 1 In this particular example, the variety j = 3 will be selected for consumption on the first or the second occasion (i.e.,d m = 3, m = 1, 2), if and only if its realized value for the uncertainty shock turns out to be higher than that of variety j = 1 (i.e., 3m = 1 > 1m = −1). Moreover, there is only one product left on consumption occasion m = 3, when the expected utility is U 33 = 0 9 for variety j = 3, and U 13 = 1 1 or 1.3 for variety j = 1 depending on whether the other unit of variety 1 is consumed on occasion m = 1 or m = 2. Finally, the expected gross value of the heterogeneous assortment can be obtained as the average of the figures in the last column: E V d2 = 4 038, which is indeed higher than the expected value for the homogeneous assortment (i.e., E V d1 = 3 7).
Estimation Choice Probability
The proposed model deals with the issue of mutual nonexclusiveness of multiple-variety purchase by regarding each possible assortment as an alternative purchase option. The expected gross value for a representative assortment of size n it is given in (7). Given that the assortment options in D n it are exhaustive and mutually exclusive, the discrete choice framework can be used to capture the conditional probability that an assortmentd it (or d it is selected for purchase:
where X ijt represents a vector of marketing mix variables (e.g., price, feature). The marketing mix variables influence assortment purchase without directly affecting the consumption utility in (1). This captures the notion that these variables are known to the consumers at the purchase time and become sunk at the consumption stage. The marketing mix response parameters are represented by i , which are independently and normally distributed across consumers:
The assortment choice probability in (8) is conditional on the certain random term ijt and on the random variables characterizing consumer heterogeneity, known to the consumers at the purchase time while unknown to the researcher, which can be collected as ijt . The set of parameters are the variety-specific intercept parameters ( j and j , state dependence parameters ( and , weekly geometric decay parameter ( , marketing mix response parameters ( and , and uncertainty parameters ( . Let us summarize the parameters as . By integrating over the domain of the random terms ijt , one can then obtain the unconditional probability for consumer i's assortment purchase behavior at time t:
where f ijt is the multivariate normal density function for ijt .
Identification
Generally, discrete choice models need to deal with two identification issues, namely translational and scale invariance, arising from the unchangeability of choice behavior when adding or multiplying the utility of each choice option by the same constant. In single-unit choice models where there is no distinction between the consumption utility of varieties and the purchase valuation of assortments, the number of varieties is equal to that of purchase options in the choice set. Therefore, not all variety-specific intercepts (or all entries in the random error covariance matrix) can be estimated without some appropriate parameter normalization. Nevertheless, the structure imposed in the current model has automatically achieved the necessary normalization. Note that here the number of purchase options in D n it is larger than that of alternative varieties when the assortment size n it is not sufficiently small. For example, when J = 2 and n it = 3, there are only two variety-specific intercepts and three covariance parameters but four assortment options. Any change in these parameters necessarily modifies the consumers' relative preference over the assortment options. So the traditional identification issues are immaterial here. Nevertheless, to facilitate comparison across models, the last variety's intercept is set to zero. The two random error terms in (1) can be identified, even though both are unobservable to the researcher. This is indebted to the temporal withinconsumer variation in assortment purchase. Basically, the expected value of homogeneous assortments, where consumption flexibility is irrelevant, is not influenced by the uncertain term . In contrast, the certain random term affects the valuation of both single-and multiple-unit assortments. Therefore, the entries in the covariance matrix of the uncertainty shock can be estimated without further normalization.
The proposed model is also capable of identifying the differential impacts of state dependence and utility uncertainty. If we had looked at only (static) horizontal assortment choice, either negative state dependence or utility uncertainty may drive the consumers to purchase varied assortments, and as a result no identification could be achieved. By incorporating the effect of state dependence across purchase occasions as well (i.e., S ijt in (2)), the proposed model can empirically decompose these two effects. This is because state dependence influences assortment valuation both temporally across and horizontally within shopping occasions through the same underlying process as in (2), whereas utility uncertainty affects only horizontal assortment valuation. Therefore, investigating the dynamic evolution of assortment purchase is not only desirable but also inevitable for identifying these two confounding explanations for horizontal variety purchase.
The following example can facilitate the understanding of the above identification discussion. Consider two varieties (J = 2) and a representative consumer i with a sequence of five shopping occasions: d i = 0 1 1 0 1 0 2 1 1 2 , or equivalentlyd i = 2 1 1 1 1 2 1 2 2 . From (7) we have
, where the uncertain error term ijm is cancelled out in the expected value of the first three (single-unit) purchases. It is then obvious that the likelihood of observing the first three (single-unit) purchases is influenced by i but not by , whereas the choice likelihood for the other two (multiple-unit) purchase observations is jointly affected by both i and . Note that, however, in the models focusing only on horizontal variety choice (e.g., Hendel 1999 , Kim et al. 2002 , Dube 2004 , S ijt is arbitrarily restricted to zero and hence i does not influence the choice probability for the first three observations (neither does . As a result, the parameters i and in these models cannot be separately estimated solely from the last two multiple-unit observations.
Estimation Procedure
The overall log-likelihood function for the choice probability in (10) is
A simulated maximum likelihood method is used to approximate this log-likelihood function. The simulation involves evaluating the choice probability in (10) by numerically integrating over the random terms ijt . However, even though the normaldistribution assumption of the error terms in the consumption utility function (1) follows the Probit model, the GHK simulator is not appropriate here. This is because the purchase decision and hence the conditional choice probability in (8) are not directly based on the varieties' relative consumption utility but on the expected value of the assortments in the choice set D n it . The assessment of the expected gross assortment value, as in (7), accounts for the interactive effects of state dependence and consumption flexibility. The distribution of the error term in the assortment valuation function in (7) is hence ill-defined and unlikely to be normal. To see this, note that and represent the error terms in the consumption utility but not in the expected assortment value. The effective error term of the expected assortment value is the interaction of and with other parameters and explanatory variables.
I develop a two-stage logit-smoothed accept-reject simulator to approximate the choice probability in (10). In the first stage, the proposed process of how consumers assess the expected assortment value is approximated. This approximation is conditional on each draw of ijt from f ijt , which in the second stage is incorporated into the logit-smoothing function to simulate the assortment choice probability (Train 2003) . The details of the simulator are given in the appendix. Finally, I employ the Quasi-Newton method with inexact line search to maximize the simulated log-likelihood function, where the Hessian is numerically approximated by the BHHH algorithm.
Data
The proposed model is applied to scanner panel data in the yogurt category provided by the A. C. Nielsen Company. In this section, I describe the scanner data used for model calibration and validation and explore the empirical horizontal and temporal patterns of assortment purchase to provide some preliminary diagnosis of the underlying drivers. The data set spans 138 weeks from January 1986 to August 1988 and was collected from two test markets: Sioux Falls, SD, and Springfield, MO. The following considerations favor the selection of yogurt over other product categories with frequent multiple-item purchase (e.g., soft drinks): (a) yogurt is perishable, making consumer inventory less desirable; (b) the one-unitper-consumption assumption is more likely to hold given that most yogurt purchased is in the 6-oz. or 8-oz. size; (c) there is less competition from other purchase channels (e.g., vending machines, restaurants) that may reduce the proportion of yogurt consumption captured by the scanner data.
I focus on five popular flavors of the Dannon brand, whose market share is almost double that of the second largest brand Yoplait, in the dominant 6-oz. and 8-oz. sizes: Strawberry, Cherry, Blueberry, Mixed Berry, and Piña Colada. This follows Kim et al. (2002) , who note that neither temporal switching between nor simultaneous purchase of different yogurt brands is often observed, i.e., consumers are brand loyal. In the current data set, less than 6% of the single-person households' yogurt purchases of the selected sizes include more than one brand. Even conditional on multiple-unit purchase, a dominant percentage of the assortments involve only one single brand, e.g., about 90% for Dannon. In addition, there are more persistent same-brand purchases over time than brand switching. For example, the purchase of a Dannon yogurt leads to buying the same brand in the next period for about 61% of the scenarios. In contrast, it has been well recognized that different yogurt flavors are often bought simultaneously (e.g., Erdem 1996) . Therefore, it is parsimonious but not very restrictive to concentrate on the Dannon brand.
To minimize the possibility that the purchase of varied assortments-either temporal or horizontalsimply reflects the heterogeneous preference of different household members, the calibration sample consists of only single-person households in the Springfield market. This rules out any householdmember-heterogeneity bias that may disguise the behavioral inference made at the individual consumer level.
5 Households are selected for the calibration sample with at least two purchase incidences of at least one of the five varieties. This yields 63 singleperson households and 441 purchase occasions. This small sample size may limit the generalizability of the results for policy simulation but is reasonable for demonstrating the proposed model and estimation procedure.
The predictive validity of the proposed model is assessed on the single-person households in the Sioux Falls market, as well as on another two mixed samples from these two markets where the household-size restriction is removed (i.e., including both single-and multiple-person households). The validation samples differ from the calibration sample in household size or market environment or both, thus constituting more stringent predictive validity assessment than alternative random sampling approach (e.g., the calibration and validation samples consisting of randomly assigned single-person households from both markets). The number of households is 34 for the Sioux Falls single-person sample, and 423 and 316 for the Springfield and the Sioux Falls mixed samples, respectively. In the Springfield validation sample, there are 3,246 purchase occasions. The Sioux Falls single and mixed samples include 160 and 1,888 purchase occasions, respectively. Table 2 breaks down the purchase occasions by the number of varieties and units for the calibration sample. As can be seen, 54.42% of the occasions involve multiple-unit purchase. The proportion of multiplevariety purchase is also quite substantial (i.e., 28.12%), which is increased to 51.67% if conditional on multiple-unit assortment. The validation samples also exhibit a considerable proportion of multipleunit and/or multiple-variety purchase occasions. In the Springfield validation sample, multiple-unit and multiple-variety assortments constitute 59.49% and 33.46% of the purchase occasions, respectively. The figures in the Sioux Falls market are 41.25% and 23.13% for the single-person sample and 48.41% and 27.17% for the mixed sample. Table 3 presents the frequency of variety pairs purchased simultaneously in multiple-unit assortments for the calibration sample. The number of purchase incidences involving each variety is reported in the last column. 6 The diagonal entries represent homogeneous purchase of the same variety, whereas the off-diagonal figures capture the frequency of various variety pair combinations. The numbers within each row reveal the distribution of a particular variety's homogeneous versus varied purchase incidence with each of the other varieties. Table 3 indicates Table 4 . One incidence of temporal transition from variety j to j is counted, whenever variety j is purchased on occasion t and j purchased on t + 1. The diagonal entries in Table 4 reflect the extent of temporal persistence, whereas the off-diagonal figures document the frequency that different varieties are purchased sequentially across consecutive shopping trips. These transition statistics indicate that there is positive state dependence in driving the consumers' temporal assortment purchase.
Comparing the figures in Table 3 with the corresponding entries in Table 4 reveals some preliminary insights into the relative importance of the forces underlying each variety's purchase, which are to be further confirmed in next section through empirically estimating the proposed model. In particular, Strawberry, Cherry, Blueberry, and Piña Colada are less frequently bought in homogeneous assortments than in conjunction with other varieties. These horizontally varied choices are more likely to be driven by utility uncertainty than by negative state dependence, because consumers exhibit a relatively high level of temporal persistence in purchasing these varieties. However, there is a higher degree of both horizontal homogeneity and temporal persistence in the purchase of Mixed Berry, indicating that utility uncertainty is unlikely to be a significant concern for this Table 4 Frequency of Temporal Variety Transitions variety. Similar patterns are also found in the validation samples. This discussion further illustrates the intuition on how the observed temporal variation in assortment choice can help identify the impact of consumption flexibility from state dependence. If the value of a parameter in were increased, the purchase incidence of horizontally varied assortments would rise (Table 3) , whereas the temporal transition pattern involving that variety (Table 4) would remain basically uninfluenced. In contrast, if it were state dependence that led to the change in the observed horizontal assortment choice, we should expect to see a similar change in the temporal transition pattern.
Finally, the marketing mix variables X ijt include price and feature. No variety was displayed in the stores in the empirical samples. For each consumer i, variety j, and shopping occasion t, the average price and feature (across the SKUs with the same flavor for the dominant 6-oz. and 8-oz. sizes) in the same week/store for this purchase occasion are constructed. The variables' correlation across varieties is high but not perfect (see Table A .1 in the appendix). Therefore, the marketing mix variables are retained in the empirical analysis for two considerations: (1) It is an empirical issue whether the correlation is too high to yield statistically significant coefficient estimates, and (2) It can help illustrate how marketing mix variables can be incorporated if the proposed model is applied to other product categories with frequent multiple-item purchase and low correlation in marketing mix (e.g., soft drinks).
Results
This section presents the results from model estimation and validation. To reveal the differential effects of state dependence and utility uncertainty on assortment choice, the full model is compared against several alternative models. First, I am interested in the consequence of ignoring utility uncertainty. To this end, the standard deviations of utility uncertainty are arbitrarily set to zero:
= 0, which leads to Model 1. Given that utility uncertainty may promote the purchase of horizontally varied assortments, this restriction is expected to underestimate (overestimate) the utility reinforcement (variety seeking) effect if utility uncertainty is actually significant. Second, this bias is expected to be exaggerated if the state dependence effect across purchase occasions is further foreclosed (Model 2): S ijt = 0 and = 0. 7 This is conceptually similar to Kim et al. (2002) , who model horizontal assortment purchase only. I intend to show that models focusing only on the horizontal property but not the temporal evolution of assortment purchase may generate qualitatively misleading interpretation of consumer behavior. Third, I also estimate a nested model where the state dependence effect is completely removed by setting i = 0 while utility uncertainty is allowed. Model 3 will underestimate (overestimate) utility uncertainty if consumer utility is actually reinforced (detracted) by previous consumptions.
I start with assessing the in-sample and out-ofsample comparative fit statistics of the full and the alternative models, which are presented in Table 5 . The parameter estimates on the calibration sample are then discussed and reported in Table 6 . Next, I present the results from a numerical simulation, where a series of estimations are performed on data set generated using the full model with a prespecified set of parameters. The main objective of the simulation is to demonstrate the accuracy of the proposed estimation procedure in recovering the model parameters and the robustness of the results from the calibration sample. Finally, it is shown by conducting policy analysis that the conceptual insights obtained from estimating the proposed model can yield valuable managerial implications.
Model Fit
The model fit statistics (log-likelihood, AIC, and BIC) for the calibration and the validation samples are reported in Table 5 . The main result is that the full model fits significantly better than the alternative models in all samples in terms of all fit criteria. Note first that the full model performs significantly better than Models 1 and 2 at the 0.01 level on all fit statistics and in all samples. The null hypothesis is then rejected that the utility uncertainty parameters are zero. This suggests that accounting for utility uncertainty improves both in-sample and out-of-sample fit. To assess the significance of incorporating the state dependence effect, we can compare the full model with Model 3. All fit criteria favor the full model over Model 3 in all samples, indicating that the null hypothesis is not supported that state dependence is not significantly different from zero. These results demonstrate the importance of accounting for both variants, as reported in Table 5 , do not yield significant improvement in any goodness-of-fit criteria for either the calibration or the validation samples, and in some cases can even lead to worse performance with the adjustment for the number of parameters (i.e., AIC, BIC) or in terms of out-of-sample log-likelihood value. In addition, parameter estimates under the more general model variants are fairly similar to those reported in Table 6 . Therefore, Models 1 and 2 are specified with only the diagonal covariance matrix for ijt , and their variants with full covariance structure are omitted for discussion in the paper. utility uncertainty and state dependence in explaining assortment choice behavior. I then evaluate the improvement in model fit of accounting for the state dependence effect across purchase occasions. Recall that Model 1 allows cumu- Table 6 Parameter Estimates on Scanner Data lative consumption from past purchase occasions to influence current assortment valuation, whereas Model 2 does not (i.e., S ijt = 0). Comparing these two models' fit statistics leads to Model 2 being rejected in favor of Model 1 in all samples. This shows that it is important to account for the temporal impact of state dependence from past purchase. Another interesting comparison is regarding the relative importance of utility uncertainty versus state dependence in driving horizontally varied assortment purchase. Note that it is not fair to compare Model 1 directly with Model 3 for this purpose, because the former also accounts for temporal variation in assortment choice whereas the latter does not. We can instead compare Model 2 with Model 3, where either state dependence or utility uncertainty is specified as the underlying driver for horizontal variety choice, respectively. Model 2 performs better than Model 3 on in-sample log-likelihood value, whereas their performance becomes closer on the ground of AIC and BIC because Model 2 uses more parameters. Moreover, in terms of prediction, Model 2 continues to perform better except for the Sioux Falls validation sample. It is worthwhile to note that here the parameter estimates obtained from a single-person sample are used to assess the predictive performance of the models for both single-and multiple-person households. Predictions for multiple-member households can be potentially difficult, because household member heterogeneity is a potential explanation for varied choice. Moreover, two of the validation samples are from another city (i.e., Sioux Falls) where the market environment is supposedly different. Nevertheless, despite the difference in household size or market environment or both, all three validation samples provide consistent support for the model fit results obtained from the calibration sample. The extent to which the full model performs better than the alternative models in the validation samples is comparable to the calibration sample. These results constitute strong support for the importance of both state dependence and utility uncertainty in driving the observed assortment purchase behavior, for both single-and multiple-person households.
Parameter Estimates
The model parameters estimated on the calibration sample are reported in Table 6 . I start the discussion with the estimates from the full model. The means of the variety-specific intercepts (i.e., are not significantly different from zero except for Strawberry and Mixed Berry. This indicates that consumers have a significant intrinsic preference for these two varieties, whereas the other varieties do not differ significantly from each other in terms of their intrinsic ability to satisfy the consumers' yogurt consumption need. The mean price response coefficient is negative but not significant. The standard deviation of the price response parameter is statistically insignificant either. This can be attributed to the relatively high empirical correlation of the prices across varieties (see Table A .1). Similarly, the feature response parameters are statistically insignificant.
The mean state dependence parameter is statistically significant and positive, with statistically significant standard deviation as well. Because is small (0.519) relative to (0.859), most consumers seem to have positive yet heterogeneous state dependence parameter i . This suggests that, across purchase occasions, a consumer tends to purchase the same variety/assortment. Note that comparing the diagonal with the corresponding off-diagonal figures in Table 4 provides face validity for this inferred temporal choice pattern. In the same vein, the positive state dependence parameter also implies that, all else being equal, assortments with homogeneous items are valued more than those with different varieties. In terms of horizontal choice behavior, consumers are hence expected to buy more homogeneous assortments than varied ones. However, this is supported in Table 3 only for Mixed Berry but not for the other varieties.
The presence of utility uncertainty offers a reconciliation for this otherwise paradoxical result. The uncertainty parameter estimates , as presented in Table 6 , are significantly different from zero except for Mixed Berry. This suggests that consumers at the purchase time are pretty sure of their future utility for Mixed Berry, whereas the consumption utility of the other varieties is dependent on future contingency. We can then use this result to explain the observed pattern of horizontal assortment choice presented in Table 3 . Despite the desire to consume the same variety across future consumption occasions (i.e., positive state dependence), buying different varieties together can increase the expected value of the purchased assortment because future consumption choices will become more flexible. However, purchasing Mixed Berry with other varieties is less likely to enhance consumption flexibility, given that the estimated uncertainty parameter is small and insignificant for Mixed Berry.
Next, I compare the parameter estimates between the full and the alternative models, which provides additional support for the behavioral processes inferred from the full model. Note that the alternative models do not sufficiently specify the two underlying processes for assortment choice, and may therefore generate bias in the parameter estimates governing these processes. Interestingly, ignoring an underlying process may not necessarily overestimate the importance of the other captured process. 8 In particular, the state dependence impact in Model 1, where utility uncertainty is ignored, is underestimated in comparison to the full model. This is not surprising because positive state dependence is at odds with the horizontally varied assortment purchases as documented in Table 3 , which are arbitrarily prevented from being explained by consumption flexibility. Moreover, if a model captured only horizontal variety choice while cutting both the state dependence effect across purchase occasions and the consumption flexibility effect, a qualitatively different estimate on state dependence would be obtained: becomes significantly negative in Model 2. This misleading result is ensured in light of the frequency of observing different varieties in horizontal assortment purchase (Table 3) . Similarly, ignoring state dependence does not necessarily exaggerate the importance of utility uncertainty: In Model 3, the statistical significance of the utility uncertainty parameters becomes dramatically lower except for Blueberry, and the magnitude of the uncertainty parameter estimates is underestimated except for Mixed Berry. This suggests that, without adequately specifying the state dependence effect, utility uncertainty alone is not sufficient to restore the observed assortment purchase behavior.
Numerical Simulation
To provide additional evidence for the above results, a simulation exercise is run on synthetically generated data set using the full model with a prespecified set of parameters. The data set is created by simulating the assortment purchase behavior of the consumers in the calibration sample, assuming that the full model is the "true" model and using the same explanatory variable values. The true parameters, as shown in the second column of Table 7 , represent the interesting case, inferred from the above calibration results, that the consumers' utility is increasing for a previously consumed variety and that there is uncertainty at the purchase time about future consumption utility. The exercise of data set generation and model estimation is repeated many times. The average of the estimated parameters and goodness-of-fit statistics for the full and the alternative models are reported in columns 3-6 of Table 7 . The results highlight the following. First, the full model estimates recover the true parameters quite accurately. The point estimates in the third column generally correspond to what they should be with reasonable confidence. Second, incorporating the impact of state dependence or utility uncertainty or both, improves the performance in explaining the simulated assortment choice. This can be seen from comparing the average model fit statistics of the full model against the other three models, and Model 1 against Model 2 as well.
Third, examining the average parameter estimates in Models 1-3 further demonstrates the importance of fully specifying the effects of both state dependence and consumption flexibility. The average estimate on the mean state dependence effect in Model 1 is significantly lower than the true value (i.e., 0.580 versus 0.800), confirming that arbitrarily shutting down utility uncertainty underestimates the state dependence effect. This bias can be even stronger if the state dependence effect across purchase occasions is further foreclosed (Model 2). Note also that the magnitude of the mean state dependence estimate in Model 2 is quite small in comparison to the standard deviation (i.e., = 0 156 and = 0 750). This implies that, if we only captured the impact of state dependence on horizontal assortment choice, we could obtain a negative state dependence estimate for a substantial proportion of consumers, which may mislead us to infer that these consumers are seeking varied consumption although they actually desire to consume the same variety over time. On the other hand, we might misestimate the impact of utility uncertainty if the positive effect of state dependence were not correctly teased out:
are significantly underestimated in Model 3 wherein the state dependence effect is arbitrarily absent.
Overall, these results suggest that the full model is capable of recovering the underlying effects driving the simulated choice. The importance of accounting for both state dependence and utility uncertainty also receives additional support.
Policy Analysis
The value of the proposed model lies not only in the correct recovery of the underlying behavioral processes but also in the policy implications one can derive. In this section, I conduct some policy simulations to demonstrate the managerial implications that are in agreement with the behavioral inference obtained from the full model. To this end, the extent to which each variety's aggregate demand responds to two counterfactual changes is assessed.
I start with simulating each consumer i's demand for each variety j on shopping occasion t by integrating over the predicted choice probabilities of the assortments involving that variety. Simulated percentage changes in weekly demand in response to various policy experiments are then computed by aggregating the predicted individual demand. The average of the simulated percentage changes across weeks, weighted by the weekly share, constitutes the long-term demand response. Table 8 reports the average own percentage changes in weekly demand in response to hypothetical variety-specific free Table 7 Average Notes. Numbers not in the parentheses are the average parameter estimates; numbers in the parentheses are the average standard errors of the corresponding estimates. The following normalizations are made: 5 = 0 000, 5 = 0 000, and 5 = 1 000. is restricted to one in the full model and Model 3, and other unestimated parameters in Models 1-3 are restricted to zero. sample distribution and utility uncertainty increase, respectively. It is assumed that one unit of a variety is distributed for free and consumed by consumers shopping in the second week. In the case of utility uncertainty, the impact on aggregate demand of increasing a variety' uncertainty estimate (i.e., by 100% is assessed.
The results based on the full model suggest that the positive state dependence effect can yield considerable demand increase if free samples are distributed. The sales return to free sample distribution can be as high as 21% (i.e., Mixed Berry). Nevertheless, there is substantial heterogeneity across the varieties in terms of the effectiveness of free sample distribution. The demand change for Strawberry is significantly lower than for other varieties. This can be potentially explained by the difference in the varieties' intercept estimates ( . Recall that consumers have a significantly higher intrinsic preference for Strawberry over other varieties, which can be relatively difficult to be further escalated through free sampling.
One key advantage of the proposed model is that it can be used to assess the impact of changing consumers' uncertainty perception, which in practice can be influenced by commercials, (online) information provision, product life cycle, etc. The proposed model provides a quantifiable means to measuring the magnitude and the demand impact of utility uncertainty. Note. The figures reflect percentage changes in own long-term demand in response to two counterfactuals, one unit variety-specific free sample distribution and a 100% increase in the variety-specific uncertainty parameter ( , respectively.
to a 100% increase in the utility uncertainty parameter. Note first that increasing uncertainty can substantially improve a variety's sales by as much as 33% (i.e., Cherry). Nevertheless, the percentage change in a variety's aggregate demand may not necessarily be proportional to the importance of that variety's estimated uncertainty parameter. The demand response is significantly lower not only for the variety with the lowest uncertainty estimate (i.e., Mixed Berry) but also for the variety with significantly higher intercept estimate (i.e., Strawberry). Therefore, it seems that increasing uncertainty can improve aggregate demand only for those varieties with both relatively high uncertainty estimate and relatively low intrinsic preference. It is the purchase of these varieties that is most likely to be driven by the consumers' desire to maintain consumption flexibility. Table 8 also reports the results of policy experiments performed on the alternative models. Note first that the assessment of counterfactual demand response cannot be run on some of the alternative models. For example, Models 1 and 2 cannot evaluate the demand impact of utility uncertainty change. In addition, the long-term demand implication of free sample distribution is missing in Models 2 and 3. Recall also that in Model 2 the state dependence effect on (horizontal) assortment choice is estimated to be significantly negative (−0.301). Should we rely on this estimate for promotion planning, we might mistakenly conclude that free samples are detrimental to sales. Second, the alternative models seem to prescribe biased demand implications in comparison to the full model. Interestingly, however, the bias in the demand change in response to free sampling is upward for Model 1, where the state dependence parameter is underestimated (Table 7) . This could be because in the long run the presence of the consumption flexibility effect in the full model dilutes the positive impact of free samples on demand. On the other hand, Model 3 underestimates not only the utility uncertainty parameters but also their impacts on the counterfactual aggregate demand responses. These results suggest that the alternative models lack or misestimate the counterfactual demand implications that can be otherwise inferred from the full model.
Conclusion
Previous studies have investigated multiple-item purchase without explicitly decomposing the underlying rationales, namely state dependence and consumption flexibility. To fill this gap, this paper proposes a model that is capable of identifying these two effects even with scanner panel data where consumption information is missing. A two-stage simulation technique is used to estimate the model on scanner data of yogurt purchase, which suggests that consumption utility is self-reinforcing (i.e., positive state dependence) and uncertain for some varieties as well. These two recovered effects provide strong empirical support with sound face validity for the observed temporal and horizontal patterns of assortment choice. The importance of capturing and distinguishing these two effects is demonstrated. Moreover, it is illustrated that the insights inferred from the proposed model can be translated into substantial managerial implications.
There are some caveats in the current analysis. Note that assortment choice is conditional on the observed purchase quantity that is further assumed to be equal to the number of consumption occasions. The empirical analysis has carefully chosen a context in which this assumption is likely to hold, i.e., yogurt. For example, the perishability of yogurt increases the likelihood that the purchased products are depleted prior to next shopping occasion, and the one-unitper-consumption assumption is quite reasonable for the popular small-sized yogurts. Nevertheless, future research can investigate the consumers' decision on purchase quantity, where temporal price change can be an important explanatory variable and assortment choice and purchase quantity can be interdependent. Consumer inventory also remains a potential topic for future investigation. On the one hand, utility uncertainty may affect how stockpiling decisions are made. Whereas on the other hand, the stockpiled products may influence the choice of assortment that is to be added into the current inventory. Moreover, the model can be extended to allow for the depletion of multiple products per consumption occasion.
Although this paper demonstrates that the absence of consumption information may not necessarily prevent us from making behavioral inference from purchase data, it is no doubt that consumption data can complement purchase information and enable us to derive additional insights. The underlying processes captured in this paper, and many others (e.g., stockpiling), can be recovered with increasing efficiency if consumption data is available. With consumption incidence data (i.e., when a variety is consumed), for example, one can estimate a joint model of purchase quantity and assortment choice. Moreover, some interesting issues, such as preference timeinconsistency across purchase and consumption, can be investigated with consumption information.
Other avenues for future research are numerous. Alternative operationalizations to account for state dependence can be utilized (e.g., McAlister 1982 , Lattin 1987 , Trivedi et al. 1994 , Erdem 1996 , Fader and Hardie 1996 , Ho and Chong 2003 . The current model can also be extended to incorporate forwardlooking consumption decision into the assortment valuation process. In the current setup, consumers are presumed to simply consume the best available product on each consumption occasion. This assumption could underestimate the relative valuation of horizontally varied assortments, if indeed consumers take into account the impact of current consumption decision on future consumption/purchase (Walsh 1995) . Moreover, it would be interesting to investigate alternative sources of utility uncertainty. Another useful extension would be to parameterize the utility uncertainty term. Identifying the drivers of utility uncertainty (e.g., consumer characteristics, commercials, etc.) can be pursued in future research. Overall, I hope that this research inspires more interest in the study of utility uncertainty and consumption flexibility and, more generally, in making behavioral inference using field data with observed behavior.
In summary, this simulator consists of two stages. In the first stage (i.e., Steps 1A-1E), the expected gross assortment value in (7) is simulated. In the second stage (i.e., Steps 2A-2C), the simulated expected gross assortment value obtained in the first stage, E g V d n it , is used to simulate the assortment choice probability in (10). The logitsmoothed accept-reject simulator in the second stage is akin to Train (2003, Chap. 5) . The use of the logit-smoothing function in Step 2A has some nice properties in comparison to the alternative simulator that uses a discrete accept/reject indicator function. First, it can avoid zero values for the simulated choice probability. Second, the simulated choice probability is a smooth and twice-differentiable function of the parameters.
In the empirical results reported in the main text, the scale parameter in the logit-smoothing function in Step 2A is set as = 1. To assess the sensitivity of the results, the proposed and the alternative models in the paper are reestimated, conditional on different specifications for the scale parameter, i.e., = 0 2 0 4 0 6 0 8. For each of the alternative specifications, no significant qualitative difference is detected from the specification adopted in the paper (i.e., = 1) except that the parameter values are scaled down accordingly in similar extent.
